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Introduction                       Lecture 1
Adaptive Control

 Adaptive Control covers a set of techniques which provide a systematic

approach for automatic adjustment of controllers in real time, in order to

achieve or to maintain a desired level of control system performance

when the parameters of the plant dynamic model are unknown and/or

change in time.

 The foundation of adaptive control is parameter estimation. Common

methods of estimation include gradient descent.
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Adaptive Control

Definitions

 Adaptive controller:

Is a controller that can modify its behavior in response to

changes in the dynamics of the process and the disturbanc

es.

 Adaptive system:

Is any physical system that has been designed with an

adaptive view point.
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Adaptive control

 There are strong ties to nonlinear system theory with adaptive 
control , because adaptive systems are inherently nonlinear.
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Adaptation and tuning

 It is customary to separate the tuning and adaptation problems.

 In the tuning problem it is assumed that the process to be controlled

has constant but unknown parameters; in the adaptation problem it

is assumed that the parameters are changing.

 Many issues are much easier to handle in the tuning problem.

 The convergence problem is to investigate where the parameters

converge to their true values.

 The corresponding problem is much more difficult in the adaptive

case, because true values are changing.
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Direct and Indirect adaptive controllers

 In general, the adaptive controllers can be divided into two

algorithms; direct and indirect.

 In direct algorithms, the parameters are updated directly.

 However, the indirect methods have sometimes been called explicit

self-tuning control, since the process parameters have been

estimated.
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Adaptive control- Why?

There are many reasons for adaptive control. The key factors are:

 A -Variations in process dynamics. Parameters may vary due to

nonlinear actuators, changes in the operating conditions of the

process, and non- satisfactory disturbances acting on the process.

 B - Variations in the character of the disturbances.

 C - Engineering efficiency.
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Adaptive control- Why? Cont…

 High performance control systems may require precise tuning

of the controller but plant (disturbance) model parameters may

be unknown or time-varying

 “Adaptive Control” techniques provide a systematic approach for

automatic on-line tuning of controller parameters

 “Adaptive Control” techniques can be viewed as approximations

of some nonlinear stochastic control problems (not solvable in practice)

 Objective of “Adaptive Control” : to achieve and to maintain

acceptable level of performance when plant (disturbance) model

parameters are unknown or vary
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Historical background

 In the early 1950, there was extensive research on adaptive

control, in connection with the design of autopilots for high

performance aircraft.

 In the 1960s many contributions to control theory were importa

nt for the development of adaptive control.

 In the late 1970s and early 1980s correct proofs for stability of

 adaptive systems appeared.
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 Feedback is a process that arises naturally in many practical

situations, and it is important to understand how to analyze and

control it.

 For example, feedback is often a problem in public address

systems in which the output from the audio speakers feeds back to

the microphone. If the feedback is too strong, the system becomes

unstable, resulting in a commonly experienced distortion.

11 Linear Feedback                     Lecture 2



Linear Feedback (Cont…)

 Feedback by it self has the ability to cope with parameter changes.

 The search for ways to design a system to process variations was in

fact one of the driving forces for inventing feedback.

 Therefore it is of interest to know the extent to which process

variations can be dealt with by using linear feedback.

 In this section we discuss how a linear controller can deal with

variations in process dynamic
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Robust High-Gain Control 

 A linear feedback controller can be represented by the block
diagram in Fig below:

Feed forward                         Feedback

 The feedback transfer function Gfb is typically chosen so that
disturbances acting on the process are attenuated and the closed-
loop system is insensitive to process variations.

 The feed forward transfer function Gff is then chosen to give the
desired response to command signals.

 The system is called a two-degree-of-freedom system because the
controller has two transfer functions that can be chosen
independently.

13

Gff
us ym

∑ Gfb
u

Gp

-1

y



Robust High-Gain Control (Cont…)

 The fact that linear feedback can cope with significant variations in process

dynamics can be seen from the following intuitive argument. Consider the

system in Fig previous. The transfer function from ym to y is:

𝑇 =
Gp G𝑓𝑏

1 + 𝐺𝑝 𝐺𝑓𝑏

 The closed-loop transfer function T is thus insensitive to variations in the

process transfer function for those frequencies at which the loop transfer

function.

 To design a robust controller, it is thus attempted to find Gfb such that the

loop transfer function is large for those frequencies at which there are large

variations in the process transfer function.

14



Adaptive Control versus Conventional Feedback
Control

Conventional Feedback Control System Adaptive Control System

Obj.: Monitoring of the “controlled”

variables according to a certain IP for

the case of known parameters

Obj.: Monitoring of the

performance (IP) of the control

system for unknown and varying

parameters

Meas.: Controlled variables Meas.: Index of performance (IP)

Transducer IP measurement

Controller Adaptation mechanism
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Fundamental Hypothesis in Adaptive Control

 For any possible values of plant (disturbance) model parameters

there is a controller with a fixed structure and complexity such that

the specified performances can be achieved with appropriate

values of the controller parameters

 The task of the adaptation loop is solely or just to search for the

“good” values of the controller parameters
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Adaptive Control versus Robust Control

Adaptive control can further improve the performance of a robust control

system by:

 expanding the range of uncertainty for which performance

specification can be achieved

 better tuning of the nominal controller

 For building an adaptive control systems robustness issues for the

underlying controller design can not be ignored.

 The objective is to add adaptation capabilities to a robust controller

and not to use adaptive approach for tuning a non robust controller.

17



Conventional Control – Adaptive Control -
Robust Control

Conventional versus Adaptive Conventional versus Robust
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Conventional Control – Adaptive Control -
Robust Control (Cont…)

Robust Adaptive Control and Adaptive Robust Control are different.

What we need : Robust Adaptation of a Robust Controller
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Adaptive Control (Cont…)

Further insight into the operation of an adaptive control system can be gaine

d ifone considers the design and tuning procedure of the “good” controller

such as in the Figure previous.

In order to design and tune a good controller, one needs to:

 Specify the desired control loop performances.

 Know the dynamic model of the plant to be controlled.

 Possess a suitable controller design method making it possible to achieve

the desired performance for the corresponding plant model.
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Principles of controller design

Plan Model
Controller 

Design

Controller Process
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Control System Design Steps

 The design of a controller that can alter or modify the behavior and

response of an unknown plant to meet certain performance

requirements can be a tedious and challenging problem in many

control applications.

 The plant inputs u are processed to produce several plant outputs y

that represent the measured output response of the plant.

 The control design tasks to choose the input u so that the output

response y(t) satisfies certain given performance requirements.
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Control System Design Steps

 Input (u)                                                 Output (y)

Fig. Plant representation.

Steps to design  any control system:

Step 1 - Modeling

 The task of the control engineer in this step is to understand the

processing mechanism of the plant, which takes a given input signal

u(t) and produces the output response y(t), to the point that he or

she can describe it in the form of some mathematical equations.

Plant Process

P
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Control System Design Steps

 This makes the task of modeling even more difficult and

challenging, because the control engineer has to come up with a

mathematical model that describes accurately the input/output

behavior of the plant and yet is simple enough to be used for

control design purposes.

Step 2. Controller Design

 Once a model of the plant is available, one can proceed with the

controller design. The controller is designed to meet the

performance requirements for the plant model.
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Step 2. Controller Design (Cont…)

 Because the plant model is always an approximation of the plant,

the effect of any discrepancy between the plant and the model on

the performance of the controller will not be known until the

controller is applied to the plant in Step 3.

 This robustness analysis and redesign improves the potential for a

successful implementation in Step 3.
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Step 3. Implementation

 In this step, a controller designed in Step 2, which is shown to meet the

performance requirements for the plant model and is robust with respect to

possible plant model uncertainties 4, is ready to be applied to the unknown

plant.

 The implementation can be done using a digital computer.

 Issues, such as the type of computer available, the type of interface devices

between the computer and the plant, software tools, etc., need to be

considered a priori.

 Computer speed and accuracy limitations may put constraints on the

complexity of the controller that may force the control engineer to go back

to Step 2 or even Step 1 to come up with a simpler controller without

violating the performance requirements.
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Steps of controller design

Uncertainty

Plant P

Controller C Plant P

u y

Step 1: Modeling

Plant Model 

Pm

u y

Step 2: Controller Design 

Controller C
Plant Model 

Pm

Input Command

Input Command

Step 3: Implementation
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Adaptive schemes                   Lecture 3

There are three main adaptive schemes:

 A -Gain scheduling.

 B -Self-tuning regulator (STR).

 C -Model-reference adaptive control (MRAC).
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A -Gain scheduling

 In many situations it is known how the dynamics of a process change with

the operating conditions of the process.

 One source for the change in dynamics may be nonlinearities that are

known.

 It is then possible to change the parameters of the controller by monitoring

the operating conditions of the process. This idea is called gain scheduling.

 Its principle is to reduce the effects of parameter variations by changing

the parameters of the regulator as function of auxiliary variables that

correlate well with these changes in process dynamics.

 Gain scheduling was used in special cases: such as autopilots for high-

performance air-craft.
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Principles:

 It is sometimes possible to find auxiliary variable that correlate well

with the changes in process dynamics. It is then to reduce the

effects of parameter variations simply by changing the parameters

of the regulator as functions of auxiliary variables as shown in figure

below:
Gain 

Scheduling

Regulator Process

Operating Conditions

Control Signal
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Design of Gain Scheduling regulators:

It is difficult to give general rules for designing gain scheduling regulators.

The key question is to determine the variables that can be used as

scheduling variables. It is clear that these auxiliary signals must reflect the

operating conditions of the plant. The following general ideas can be

useful:

 1) Linearization of nonlinear actuators.

 2) Gain scheduling based on measurements of auxiliary variables.

 3) Time scaling based on production rate.

 4) Nonlinear transformation.
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B - Self-Tuning Regulator

Basic idea:

 In an adaptive system, it is assumed that the regulator parameters are

adjusted all the time.

 This implies that the regulator parameters follow changes in process; It is

difficult to analyze the convergence and stability properties of such

systems.

 To simplify the problem it can assume that the process has constant but

unknown parameters.

 When the process is known, the design procedure specifies a set of

desired controller parameters.

 The adaptive controller should converge to these parameter values

even when the process is known.

 A regulator with this property is called Self-Tuning, since it automatically

tunes the controller to the desired performance.
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B - Self-Tuning Regulator. Cont.

The Self- Tuning Regulator (STR) is based on the idea of separating the

estimation of unknown parameters from the design of the controller. The

basic idea is illustrated in figure bellow:

Regulator Process
Control Signal

Design Estimation
Regulator 

Parameters

Process Parameters

Fig. Block Diagram of Self Tuning Regulator (STR)
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B - Self-Tuning Regulator. Cont..

 In the block diagram, the design block represents an on-line solution to the

design problem for a system with unknown parameters.

 The design method is chosen depending on the specifications of the

closed loop systems. Different combinations of estimation methods lead to

regulators with different properties.

In order to form a Self tuning or adaptive control system, three forms of

controls can be used:

 1- Pole placement (assignment) control.

 2- Minimum variance control.

 3- Multistage predictive control.
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Self-Tuning cycle

At each sample interval Ts, the following sequence of action is taken:

 Step (1) Data capture:

The system output y(KT), reference input r(KT) and any other variables of
importance are measured.

 Step (2) Estimator update:

The data acquired in (1) is used together with past data and the previous
control signal to update the parameter estimates in a model of the system
using an appropriate recursive estimator.

 Step (3) Controller synthesis:

The updated parameters from (2) are used in a pole assignment identity to
synthesize the parameters of the desired controller.

 Step (4) Control algorithm:

The controller parameters synthesized in (3) are used in a controller to
calculate and input the next control signal u(KT).
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 At the end of the cycle the control computer waits until the end of sam

ple interval T and then repeats the cycle for interval T+1, and so on.

 Steps in the self-tuning cycle have computed sequentially. However,

figure below illustrates this in terms of a timing and sequence diagram.

 The total computation time must be less than the sample interval and is

generally assumed to be much less.
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Fig. Timing and 
sequence diagram
for self-
tuning controller.



C- Model Reference Adaptive Controller (MRAC)

 The mode-Reference Adaptive Controller is one of the main

approaches of adaptive control. The basic principle is illustrated in

figure below:
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C- Model Reference Adaptive Controller (MRAC) (Cont..)

 The desired performance is expressed in terms of a reference model,
which gives the desired response to a command signal.

 The system also has an ordinary feedback loop composed of the
process and the regulator.

 The error (e) is the difference between the output(s) of the system and
the reference model. The regulator has parameters that are changed,
based on the error.

 There are thus two loops: an inner loop, which provides the ordinary
control feedback and outer loop, which adjusts the parameters in the
inner loop.

 The inner loop is assumed faster than the outer loop.

 In this adaptive system, two ideas were introduced that:

 First, the performance of the system is specified by a model.

 Second, the parameters of the regulator are adjusted based on the
error between the reference model and the system.
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C- Model Reference Adaptive Controller (MRAC) (Cont..)

 For a system with adjustable parameters, the model reference

adaptive methods gives a general approach for adjusting the

parameters so that the closed loop transfer function will be close to a

prescribed model.

 This is called the Model-following problem.

 One important question is how small we can make the error (e)?. This

depends both on the model, the system and the command signal. If it

is possible to make the error equal to zero for all command signals, the

perfect model following is achieved.
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Effects of Process Variations       Lecture 4

 Variation is “the act, process, or result of varying” or “a change in the

form, position, condition, or amount of something”

 The standard approach to control system design is to develop a linear

model for the process for some operating condition and to design a

control having constant parameters. This approach has been remarkably

successful.

 Fundamental is also that feedback system to modeling (process) errors

and disturbances.

 Many actuators have a nonlinear characteristics which creates difficulties

unless special precautions are taken.
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Causes of variation

The causes of variation can be different:

 Resources: an error in an application could cause a routine procedure

to take longer than usual, different personal skill levels make the service

delivery time very long.

 Processing unit: the complexity of a customer request affects the

development/response time, different tools need different installation

and setup time, defects require different fixing time and effort

depending on their characteristics.

 Other factors.
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Example of Nonlinear actuators (nonlinear valve):

 A simple feedback loop with a proportional and Integrating (PI) controller,

a nonlinear valve , and process is show in figure follow:

 Avery common Source of variation is that actuators, like valves , have a

nonlinear characteristic.
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PI controller Valve Process
u y

Fig: Block diagram of a flow control loop with a PI control and Nonlinear valve
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Example2: Airplane control (Short-period 

airplane dynamics)

 Control of high performance airplane was strong driving force for the

development of adaptive control in 1960s.

 The dynamics of an airplane depend on the speed, altitude, angle of

attack, …etc.

 Also, the flexible structure of the airplane will cause difficulties when

designing the control system. In figure below, the notations for the

airplane is given:
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Example2: Airplane control (Short-

period airplane dynamics)

44

 A schematic diagram of airplane is given in figure below:

 To illustrate effect parameter variation, we consider the pitching motion of

the aircraft.

 Introduce the pitch angle 𝜃 , Choose normal 𝑁𝑧 , pitch rate 𝑞 = 𝜃 , and

angle 𝛿𝑒 as state variables and the input to servo as the input signal 𝑢.



Example2: Airplane control (Short-

period airplane dynamics)

 The rigid body or the so-called short period dynamics for an

experimental F4-E (flight envelope of the F4-e. four different flight

condition are indicated) with canards will be given. The canards make

it easier to maneuver the airplane at the cost of stability.

 The dynamics can be linearized around stationary flight conditions (i.e.

constant speed and altitude and small angle of attack α).
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The adaptive Control Problem

 An adaptive controller has been defined as a controller with adjustable

parameters and mechanism for adjusting the parameters.

 The construction of an adaptive controller thus contains the following

steps:

 Characterize the desired behaviors of the close loop system.

 Determine the suitable control law with adjustable parameters.

 Find a mechanism for adjusting the parameters.

 Implement the control law.
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Introduction to artificial neural networks

 An Artificial Neural Network (ANN) is an information processing

paradigm that is inspired (مستوحاة) by the way biological nervous
systems, such as the brain, process information.

 The key element of this paradigm is the novel structure of the
information processing system.

 It is composed of a large number of highly interconnected

processing elements (neurons) working in unison (انسجام) to solve

specific problems. ANNs, like people, learn by example.

 An ANN is configured for a specific application, such as pattern

recognition or data classification, through a learning process.

 Learning in biological systems involves adjustments (علىتعديالت) to
the synaptic connections that exist between the neurons.
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Introduction to artificial neural networks (Cont…)

Define ANN

 An Artificial Neural Network (ANN) is a mathematical model that tries (يحاول)

to simulate the structure and functionalities of biological neural networks.

 Basic building block of every artificial neural network is artificial neuron, that

is, a simple mathematical model (function) , such a model has three simple

sets of rules: multiplication, summation and activation.

 At the entrance of artificial neuron the inputs are weighted (المدخلوزنيتم)

what means that every input value is multiplied with individual weight.

 In the middle section of artificial neuron is sum function that sums all

weighted inputs and bias.

 At the exit of artificial neuron the sum of previously weighted inputs and bias

is passing trough activation function that is also called transfer function
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Introduction to artificial neural networks (Cont…)49

Fig. Working principle of an artificial neuron.



 Although the working principles and simple set of rules of artificial neuron

looks like ((تشبه)وكأنهاتبدو) nothing special the full potential and

calculation power of these models come to life when we start to

interconnect them into artificial neural networks (Fig. 1.).

 These artificial neural networks use simple fact that complexity can grown

out of merely (بمجرد) few basic and simple rules.
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Example of simple artificial neural network



Introduction to artificial neural networks (Cont…)

 In the past, researchers have come up with several “standardized”

topographies of artificial neural networks. These predefined topographies

can help us with easier, faster and more efficient problem solving.

 Different types of artificial neural network topographies are suited for solving

different types of problems. After determining the type of given problem we

need to decide for topology of artificial neural network we are going to use

and then fine-tune it. We need to fine-tune the topology itself and its

parameters.
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Introduction to artificial neural networks (Cont…)

 Fine tuned topology of artificial neural network does not mean that we can start

using our artificial neural network, it is only a precondition. Before we can use our

artificial neural network we need to teach it solving the type of given problem.

Just as biological neural networks can learn their behavior /responses on the basis

of inputs that they get from their environment the artificial neural networks can do

the same.

 There are three major learning paradigms: supervised learning, unsupervised

learning and reinforcement learning.

 We choose learning paradigm similar as we chose artificial neuron network

topography - based on the problem we are trying to solve.
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Introduction to artificial neural networks (Cont…)

 After choosing topology of an artificial neural network, fine-tuning of the

topology and when artificial neural network has learn a proper (مناسب)

behavior we can start using it for solving given problem.

 Artificial neural networks have been in use for some time now and we can

find them working in areas such as process control, chemistry, gaming, radar

systems, automotive industry, space industry, astronomy, genetics, banking,

fraud detection, etc. and solving of problems like function approximation,

regression analysis, time series prediction, classification, pattern recognition,

decision making, data processing, filtering, clustering, etc.,
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Introduction to artificial neural networks 
(Cont…)

ANN resemble (تشبه) the human brain in the following 2 ways:

 ANN acquires knowledge through learning 

 ANN Knowledge is stored with inter-neuron connection strengths 

known as synaptic weights 
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Historical background
 Warren McCulloch and Walter Pitts[2] (1943) created a computational model for neural

networks based on mathematics and algorithms called threshold logic. This model

paved (مهد) the way for neural network research to split (انقسم) into two approaches. One

approach focused on biological processes in the brain while the other focused on the

application of neural networks to artificial intelligence. This work led to work on nerve

networks and their link to finite automata.

 Neural network research stagnated after machine learning research by Minsky and Papert

(1969) who discovered two key issues with the computational machines that processed

neural networks. The first was that basic perceptron were incapable of processing the

exclusive-or circuit. The second was that computers didn't have enough processing power

to effectively handle the work required by large neural networks. Neural network research

slowed until computers achieved far greater processing power.
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Historical background (Cont…)

 A key trigger for the renewed interest in neural networks and learning was Paul

Werbos's (1975) backpropagation algorithm that effectively solved the exclusive-or

problem and more generally accelerated the training of multi-layer networks.

 In the mid-1980s, parallel distributed processing became popular under the name

connectionism. Rumelhart and McClelland (1986) described the use of

connectionism to simulate neural processes

 In 1992, max-pooling was introduced to help with least shift invariance and

tolerance to deformation to aid in 3D object recognition

 In 2012, Ng and Dean created a neural network that learned to recognize higher-

level concepts, such as cats, only from watching unlabeled images taken from

YouTube videos

 Currently, the neural network field enjoys (تتمتع) a resurgence of interest and a

corresponding increase in funding.
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Why use neural networks

 How to teach a computer? You can either write a fixed program or you can

enable the computer to learn on its own.

 Living beings do not have any programmer writing a program for developing

their skills, which then only has to be executed. They learn by themselves

without the previous knowledge from external impressions and thus can solve

problems better than and computer today.

 What qualities are needed to achieve such a behavior for devices like

computers? Can such cognition be adapted from biology? History,

development, decline and resurgence of a wide approach to solve problems.
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Why use neural networks

 There are problem categories that cannot be formulatedas an

algorithm. Problems that depend on many subtle factors, for

example the purchase price of a real estate which our brain can

(approximately) calculate. Without an algorithm a computer cannot

do the same. Therefore the question to be asked is: How do we learn

to explore such problems?

 Exactly – we learn; a capability computers obviously do not have .

Humans have a brain that can learn. Computers have some

processing units and memory. They allow the computer to perform

the most complex numerical calculations in a very short time, but

they are not adaptive.
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Why use neural networks (Cont…)

 Adaptive learning: An ability to learn how to do tasks based on the data

given for training or initial experience.

 Self-Organization: An ANN can create its own organization or

representation of the information it receives during learning time.
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Simple application examples.
 Let us assume that we have a small robot as shown in fig. This robot has

eight distance sensors from which it extracts input data: Three sensors are

placed on the front right, three on the front left, and two on the back. Each

sensor provides a real numeric value at any time, that means we are

always receiving an input I € R8.

 Despite its two motors (which will be needed later) the robot in our simple

example is not capable to do much: It shall only drive on but stop when it

might collide with an obstacle. Thus, our output is binary: H = 0 for

"Everything is okay, drive on“ and H = 1 for "Stop" (The output is called H for

"halt signal"). Therefore we need a mapping f : R8 B1, that applies the

input signals to a robot activity.
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Fig: A small robot with eight sensors and two motors. The 

arrow indicates the driving direction.



Simple application examples. (Cont…)

The classical way

 There are two ways of realizing this mapping. On the one hand, there is the

classical way:

 We sit down and think for a while, and finally the result is a circuit or a small

computer program which realizes the mapping (this is easily possible, since

the example is very simple).

 technical reference of the sensors, study their characteristic curve in order

to learn the values for the different obstacle distances, and embed these

values into the aforementioned set of rules. Such procedures are applied
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The way of learning
 More interesting and more successful for many mappings and problems

that are hard to comprehend straightaway is the way of learning: We show

different possible situations to the robot (fig. 1.2) and the robot shall learn

on its own what to do in the course of its robot life.

 In this example the robot shall simply learn when to stop. We first treat the

neural network as a kind of black box (fig. 1.3 ).
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Figure 1.2: The robot is positioned in

a landscape that provides sensor

values for different situations.

We add the desired output values H
and so receive our learning samples.

The directions in which the sensors

are oriented are exemplarily applied

to two robots.



The way of learning (Cont…)

 know its structure but just regard its behavior in practice.

 The situations in form of simply measured sensor values (e.g. placing the robot

in front of an obstacle, see illustration), which we show to the robot and for

which we specify whether to drive on or to stop, are called training samples.

Thus, a training sample consists of an exemplary input and a corresponding

desired output. Now the question is how to transfer this knowledge, the

information, into the neural network.
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Figure 1.3: Initially, we regard the robot control as a

black box whose inner life is unknown. The black

box receives eight real sensor values and maps

these values to a binary output value.



Example

 A salesman wants to visit a number of towns and he will start from a

fixed town and end with it and visit every town once only. He plan

to find the shortest path during his visit.

 Now if we use simplex algorithm to find such path and with using a

most powerful computer CRAY2 which can do 109 arithmetic and

logic process in a second ( it is a supper computer ).

in using CRAY2

 without using CRAY2

Sol: Now if we use ANN of Stanford university (USA) with 100 neuron the

solution for 10 city is 10-5 sec.

Number of city Solution time

10 4 ms

15 21 min

18 77 year

30 9x 1015 year
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Artificial Neural network (notes)

 Study and research in AI is very important in the age of interface with a lot

of different applications which include expert system ES, and artificial

neural technology.

 Also there are a great development in the field of AI software which is used

to simulate the human reasoning. However, the method used as a

processing in AI, is sequential with the use of knowledge representation and

acquisition.

 In neural computing we use parallel, processing and such technology offer

a great speed and can store a large amount of information.
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Architecture of ANN

Neurons work by processing information. Artificial neural 

network structure in the figure below

Model of ANN
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Components of ANN

 Input layers : Receive signal input without NN.

 Weights: Representation connect between layers (input layers &
output layers).

 Output Layer: Final layers that given target output after sequential

processing .

 Threshold: Is determined by the type of output is compared with the

output target.

 Activation Function: there are four parts:

- Step Function: output between [0,1]

- Sign Function: output between [1,-1]

- Linear Function: output similar input.

- Sigmoid Function: output between [0,1]
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Neuron Model

- Single-Input Neuron

 A single-input neuron is shown in Figure 2.1. 

 The input p is multiplied by the weight to form wp , one of the terms

that is sent to the sum.

 The other input, 1 , is multiplied by bias b and then passed to the sum. 

 The sum output n , often referred to as the net input, goes into a

transfer function f , which produces the scalar neuron output a.

 If we relate this simple model back to the biological neuron that we discussed: the

weight corresponds to the strength of a synapse, the cell body is represented by the

summation and the transfer function, and the neuron output represents the signal on

the axon.
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Fw n a 

b

1

Input General Neuron

Figure: Single-Input Neuron

The neuron output is calculated as:      a = f(wp + b)

If, for instance, w = 3 , p = 2 , and , b = –1.5  then

a = f(3(2) – 1.5)= f(4.5)

 The actual output depends on the particular transfer function that is chosen.

 The bias is much like a weight, except that it has a constant input of 1.

 Note that w and b are both adjustable scalar parameters of the neuron

a = f (wpالخلية العصبية الطبيعية + b)



Multiple-Input Neuron
 Typically, a neuron has more than one input. A neuron with R inputs

is shown in Figure 2.5. The individual inputs are each weighted b

corresponding elements w1 1, w1 2,...,w1 R of the weight matrix W
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a = f (Wp + b)

Figure 2 Multiple-Input Neuron

Multiple-Input Neuron

Weight Matrix



 The neuron has abias b, which is summed with the weighted inputs to form the 

net input :

𝑛 = 𝑤1, 1𝑝1 + 𝑤1,2𝑝2 + ⋯+ 𝑤1, 𝑅𝑝𝑅 + 𝑏

 This expression can be written in matrix form:

𝑛 = 𝑊𝑝 + 𝑏,

 where the matrix W for the single neuron case has only one row. Now the

neuron output can be written as:

a = f(Wp+b)

 neural networks can often be described with matrices.
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Transfer Functions

 The transfer function in Figure 2.1 may be a linear or a nonlinear

function of n.

 A particular transfer function is chosen to satisfy some specification of

the problem that the neuron is attempting to solve.

 Example: The hard limit transfer function, shown on the left side of up

Figure , sets the output of the neuron to 0 if the function argument is

less than 0, or 1 if its argument is greater than or equal to 0.
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Architecture of ANN (Cont…)73

 Commonly one neuron, even with many inputs, may not be sufficient. We might

need five or ten, operating in parallel, in what we will call a “layer.”This concept

of a layer is discussed below.

A Layer of Neurons

 A single-layer network of neurons is shown in Figure 2.7. Note that each of the

inputs is connected to each of the neurons and that the weight matrix now has

rows.

Figure 2.7 Layer of S Neurons



 The layer includes the weight matrix, the sum, the bias vector , the transfer

function boxes and the output vector .

 Each element of the input vector p is connected to each neuron through

the weight matrix W .

 Each neuron has a bias , asum, atransfer function f and an output a . Taken

together, the outputs form the output vector.

 The input vector elements enter the network through the weight matrix W:
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Figure 2.8 Layer of Neurons, Abbreviated Notation

 As noted previously, the row indices of the elements of matrix W indicate

the destination neuron associated with that weight, while the column

indices indicate the source of the input for that weight. Thus, the indices

in w 3,2 say that this weight represents the connection to the third neuron

from the second source.

 The S-neuron, R-input, one-layer network also can be drawn in

abbreviated notation, as shown in Figure below.

Here again, the symbols below the variables tell you that

for this layer, p is a vector of length R , W is an S x R
matrix, and and are vectors of length S .



Multiple Layers of Neurons76

Figure 2.9 Three-Layer Network



Multiple Layers of Neurons (Cont…)77

a3 = f 3 (W3f 2 (W2f 1 (W1p + b1) + b2) + b3)



Tasks to be solved by artificial neural 

networks:

 controlling the movements of a robot based on self-

perception and other information (e.g., visual information);

 Deciding the category of potential food items (e.g., edible or 

non-edible) in an artificial world;

 Predicting where a moving object goes, when a robot wants 

to catch it. 
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The following properties of nervous systems 

will be our interest in our ANN model:

 parallel, distributed information system 

 high degree of connectivity among basic units 

 connections are modified based on experience 

 learning is a constant process, unsupervised or supervised 

 learning is based only on local information 
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Fundamentals on learning and training

Unsupervised learning

 Unsupervised learning is the biologically most plausible method, but

is not suitable for all problems. Only the input patterns are given; the

network tries to identify similar patterns and to classify them into

similar categories.

 Note: (Unsupervised learning). The training set only consists of input

patterns, the network tries by itself to detect similarities and to

generate pattern classes.
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Unsupervised learning (Cont…)

In unsupervised learning,

 a simple Hebbian rule (corrected rule) mean be applied to

calculate weights changes.

 Compeer learning rules: is another class of learning rules used.

 Adaptive resonance theory (ART) combines competitive and

Hebbian rules together and uses feedback from output layer to the

input layer to ensure a consistent categorize.
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supervised learning (Cont…)

 Supervised learning is the machine learning task of inferring a function from

labeled training data.

 The training data consist of a set of training examples.

 In supervised learning, each example is a pair consisting of an input object

(typically a vector) and a desired output value (also called the supervisory

signal).

 A supervised learning algorithm analyzes the training data and produces

an inferred function, which can be used for mapping new examples.
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 in order to solve a given problem of supervised learning, in the following steps:

1. Determine the type of training examples. Before doing anything else, the user

should decide what kind of data is to be used as a training set.

2. Gather a training set. The training set needs to be representative of the real-

world use of the function.

3. Determine the input feature representation of the learned function. The

accuracy of the learned function depends strongly on how the input object is

represented.

4. Complete the design. Run the learning algorithm on the gathered training set.

Some supervised learning algorithms require the user to determine certain

control parameters.

5. Evaluate the accuracy of the learned function. After parameter adjustment

and learning, the performance of the resulting function should be measured on

a test set that is separate from the training set.
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supervised learning (Cont…)

At first we want to look at the supervised learning procedures

in general in the following steps:

 Entering the input pattern (activation of input neurons).

 Forward propagation of the input by the network, generation of the

output.

 Comparing the output with the desired output (teaching input

 Corrections of the network are calculated based on the error vector.

 Corrections are applied.
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supervised learning (Cont…)

 Supervised learning: here we need an external teacher.

 Paradigms of SL include error-correction learning (eg. BP).

 An important issue concerning supervised learning is the problem of error

convergence, that is the minimization of error between the desired and

computed unit values.

 The aim is to determine a proper set of weights which minimizes the error e.

 Error – correction, e , is defined as the norm difference between the

desired output and the actual output of the network
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Learning Rules

 learning rule we mean a procedure f be referred to as a training

algorithm.

The purpose of the learning rule is:

 to train the network to perform some task.

There are many types of neural network learning rules. They fall into

two broad categories:

 supervised learning,

 unsupervised learning
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Learning Rules (Cont…)

 In supervised learning, the learning rule is provided with a set of

examples (the training set) of proper network behavior

{p1, t1} {p2,t2} , …,{pQ,tQ}

 Where pq is an input to the network and tq is the corresponding correct

(target) output.

 As the inputs are applied to the network, the network outputs are

compared to the targets.

 The learning rule is then used to adjust the weights and biases of the

network in order to move the network outputs closer to the targets.

 The perceptron learning rule falls in this supervised learning category.
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Learning Rules (Cont…)
 In unsupervised learning, the weights and biases are modified in response to

network inputs only.

 There are no target outputs available.

 How can you train a network if you don’t know what it is supposed to do? Most of

these algorithms perform some kind of clustering operation.

Note: Unsupervised learning problems can be further grouped into clustering and

association problems.

 Clustering: A clustering problem is where you want to discover the inherent

groupings in the data, such as grouping customers by purchasing behavior.

 Association: An association rule learning problem is where you want to discover

rules that describe large portions of your data, such as people that buy X also

tend to buy Y.
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Perceptron Architecture

 perceptron network is shown in Figure below

 The output of the network is given by:

a= hardlim (Wp+b)
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Figure: Perceptron Network



 It will be useful in our development of the perceptron learning rule to

be able to conveniently reference individual elements of the network

output. Let’s see how this can be done. First, consider the network

weight matrix:

We will define a vector composed of the elements of the ith row of :

iw=
𝑤𝑖, 1
𝑤𝑖, 2
𝑤𝑖, 𝑅

Now we can partition the weight matrix:

W=
1𝑤𝑇

2𝑤𝑇

𝑠𝑤𝑇
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This allows us to write the ith element of the network output vector as

ai= hardlim (ni)=hardlim (𝒊𝒘𝑻p+bi)

Recall that the hardlim transfer function is defined as:

n = Wp+b

a=  hardlim (n)=  
𝟏 𝒊𝒇 𝒏 > 𝟎
𝟎 𝒐𝒕𝒉𝒆𝒓𝒘𝒊𝒔𝒆
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Single-Neuron Perceptron

 Let’s consider a two-input perceptron with one neuron, as shown in Figure:

Figure : Two-Input/Single-Output Perceptron

 The output of this network is determined by

𝑎 = ℎ𝑎𝑟𝑑𝑙𝑖𝑚 𝑛 = ℎ𝑎𝑟𝑑𝑙𝑖𝑚 𝑤𝑝 + 𝑏
= ℎ𝑎𝑟𝑑𝑙𝑖𝑚 1𝑤𝑇𝑝 + 𝑏 = ℎ𝑎𝑟𝑑𝑙𝑖𝑚 𝑤1,1𝑝 + 𝑤1,2 𝑝 + 𝑏

 The decision boundary is determined by the input vectors for which the net 

input is zero:

n= 1𝑤𝑇𝑝 + 𝑏 = 𝑤1,1𝑝 + 𝑤1,2 𝑝 + 𝑏 =0
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 To make the example more concrete, let’s assign the following values

for the weights and bias:

w1,1=1       , w1,2=1        ,b=-1

n= 1𝑤𝑇𝑝 + 𝑏 = 𝑤1,1𝑝 + 𝑤1,2 𝑝 + 𝑏 = p1+p2-1=0

 This defines a line in the input space. On one side of the line the

network output will be 0; on the line and on the other side of the line

the output will be 1. To draw the line, we can find the points where it

intersects the p1 and p2 axes. To find the intercept set p1=0:

𝑝2 = −
𝑏

𝑤1,2
=

−1

1
= 1 𝑖𝑓 𝑝1 = 0

To find the p1 intercept, set p2=0 :

𝑝1 = −
𝑏

𝑤1,1
=

−1

1
= 1 𝑖𝑓 𝑝2 = 0
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 The resulting decision boundary is illustrated in Figure below.

 To find out which side of the boundary corresponds to an output of 1,

we just need to test one point. For the input 1 1 2
0

, the network

output will be:

𝑎 = ℎ𝑎𝑟𝑑𝑙𝑖𝑚 1𝑤𝑇𝑝 + 𝑏 = ℎ𝑎𝑟𝑑𝑙𝑖𝑚 1 1 2
0

− 1 =1

 Therefore, the network output will be 1 for the region above and to the

right of the decision boundary. This region is indicated by the shaded

area in Figure 4.3.
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Backpropagation

 Back propagation is a method used in artificial neural networks to

calculate the error contribution of each neuron after a batch of data is

processed.

 Or: Back propagation is a common method for training a neural network

 This technique is also sometimes called backward propagation of errors,

because the error is calculated at the output and distributed back through

the network layers.

 Back propagation requires a known, desired output for each input value

it is therefore considered to be a supervised learning method (although it is

used in some unsupervised networks such as auto encoders).
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Motivation of use BP

 The goal of any supervised learning algorithm is to find a function

that best maps a set of inputs to their correct output. An example

would be a classification task, where the input is an image of an

animal, and the correct output is the name of the animal.

 The motivation for backpropagation is to train a multi-layered

neural network such that it can learn the appropriate internal

representations to allow it to learn any arbitrary mapping of input to

output

 For backpropagation, the loss function calculates the difference

between the network output and its expected output, after a case

propagates through the network.
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Optimization

 The optimization algorithm repeats a two phase cycle, propagation and

weight update.

 When an input vector is presented to the network, it is propagated

forward through the network, layer by layer, until it reaches the output layer.

 The output of the network is then compared to the desired output, using a

loss function.

 The resulting error value is calculated for each of the neurons in the output

layer.

 The error values are then propagated from the output back through the

network, until each neuron has an associated error value that reflects its

contribution to the original output.
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Back Propagation (BP) Algorithm
 One of the most popular NN algorithms is back propagation algorithm.

 BP algorithm could be consist of four main steps.

 Feed-forward computation.

 Back propagation to the output layer.

 Back propagation to the hidden layer.

 Weight updates

 After choosing the weights of the network randomly, the back propagation

algorithm is used to compute the necessary corrections.

 The algorithm is stopped when the value of the error function has become small.
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Feed-Forward Computation

 Feed forward computation or forward pass is two-step process. The

First part is getting the values of the hidden layer nodes.

 The second part is using those values from hidden layer to compute

value or values of output layer.
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Running and Training ANN

 Running the network consist of a forward pass and a backward pass.

 In the forward pass outputs are calculated and compared with desired

outputs.

 Error from desired and actual output are calculated.

 In the backward pass this error is used to alter the weights in the network

in order to reduce the size of the error.

 When training ANN, we are feeding network with set of examples that

have inputs and desired outputs.

 If we have some set of 1000 samples, we could use 100 of them to train

the network and 900 to test our model

100



Hopfield network

 A Hopfield network is a form of artificial neural network popularized

by John Hopfield in 1982.

 Hopfield networks also provide a model for understanding human

memory , This network is characterized by the following specifications:

 Associative Memory

 Bidirectional

 Full Connection

 Feedback

 Solve complex problems using linear functions
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The Model of Hopfield network102



Hopfield network algorithm

 Initialize input length (N) and The number of models (p).

 Convert every 0 to -1.

 Initialize transfer function that:

 f(x)= −1 𝑖𝑓 𝑥≤0
1 𝑖𝑓 𝑥>0

 Extract matrix weights for the inputs of the equation:

 f(x)= 
 1
𝑝
𝑋𝑖𝑋𝑗 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒

0 𝑖𝑓 𝑖=𝑗
where I,j=1,2,…N
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Example

Suppose we have 3 models of data and the length of each model is 4
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Associative Memory
 Associative memory (AM) is a type of neural network that introduced by Bart

Kosko in 1988.

 It is similar to the Hopfield network in that they are both forms

of associative memory

 There are two types of associative memory :auto-associative and hetero-

associative.

 An auto-associative memory retrieves a previously stored pattern that most

closely resembles the current pattern.

 In a hetero-associative memory, the retrieved pattern is in general, different from

the input pattern not only in content but possibly also in type and format.

107

https://en.wikipedia.org/wiki/Recurrent_neural_network
https://en.wikipedia.org/wiki/Bart_Kosko
https://en.wikipedia.org/wiki/Hopfield_network
https://en.wikipedia.org/wiki/Association_(psychology)
https://en.wikipedia.org/wiki/Memory


Associative Memory 

 An associative memory is a content-addressable structure that maps a set of

input patterns to a set of output patterns.

 A content-addressable structure is a type of memory that allows the recall of

data based on the degree of similarity between the input pattern and the

patterns stored in memory.

 A content-addressable structure refers to a memory organization where the

memory is accessed by its content as rather than to an explicit address in the

computer memory system
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Topology of Associative Memory109
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Topology of Associative Memory (Cont…)

 A BAM contains two layers of neurons:

 which we shall denote X and Y. Layers X and Y are fully connected

to each other.

 Once the weights have been established, input into layer X presents

the pattern in layer Y, and vice versa.
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Characterized Associative Memory

This network is characterized by the following specifications:

 Associative Memory

 Bidirectional

 Full Connection

 Feedback

 Solve complex problems using linear functions

 Have two levels that one for the input and the second for the output.
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Description of Associative Memory

 An associative memory is a content-addressable structure that allows,

the recall of data, based on the degree of similarity between the input

pattern and the patterns stored in memory.

Example : Associative Memory

 The figure below shows a memory containing names of several people.

If the given memory is content-addressable, Then using the erroneous

string "Crhistpher Columbos" as key is sufficient to retrieve the correct

name "Christopher Colombus."

 In this sense, this type of memory is robust and fault-tolerant, because

this type of memory exhibits some form of error-correction capability.

112



Example : Associative Memory

Fig. A content-addressable memory, Input and Output
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Example : Associative Memory114
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The Kohonen Self-organising Map

 Developed this network Teuvo Kohonen in year 1982, and This

algorithm was adopted as a kind of algorithm that does not need a

supervisor

 Kohonen's networks are one of basic types of self-organizing neural

networks, since it is unsupervised learning, so the name is Self

Organizing Maps.
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Learning in biological systems - the self-

organizing paradigm

 Biological systems display this type of learning, but they are also

capable of learning by themselves - without a supervisor showing

the correct response (unsupervised learning).

 A neural network with a similar capability is called a self-organising

system because during training, the network changes its weights to

learn appropriate associations, without any right answers being

provided.
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Architecture of the Kohonen Network

 The Kohonen network consists of two layers that, which distributes

the inputs to each node in a second layer, the output layer.

 Each neuron in the competitive layer is connected to other neurons

in its neighborhood and feedback is restricted to neighbours

through these lateral connections.
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Architecture of the Kohonen Network

Classes
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Training the Kohonen Network

The Kohonen Algorithm:

 1. Initialise weights from N inputs to the nodes to small random

values. Set the initial radius of the neighbourhood.

 2. Present new input xo,x1,x2, ..xn-1, where xi is the input to

node i .

 3. Determine the initial value of the learning rate (ŋ).

 3. Compute distances to all nodes

Compute distances dj between the input and each output

node j using

D(j)  = (xi- wij)2
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Training the Kohonen Network (Cont…)

where xi(t) is the input to node i at time t and wij(t) is the weight from input 

node i to output node j at time t.

4. Select output node with minimum distance

Select output node j* as the output node with minimum dj.

5. Update weights to node j* and neighbours

Weights updated for node j* and all nodes in the neighbourhood defined 

by Nj*(t). New weights are:

wij =  wij +  * (xi – wi,j)

6. Repeat by going to step 2
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Applications of the Kohonen Network 

The Kohonen network is being used in:

 speech

 image processing

 statistical

 database applications.
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Example of the Kohonen Network 

Suppose we have 4 models of data and the length of each model is 5:
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Introduction to Intelligent

 This is introduction to the domain of localization in mobile robots. 

 The issue of the location and value of the knowledge of the position 

and orientation of the robot, relative to its environment are 

presented. 

 Different approaches to localization and associate sensors are 

stated. 

 Localization in environment is addressed. 

 The particular case of the location based on a model with the vision 

is also introduced in this chapter.
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Components of Mobile Robot

A mobile robot consists of hardware and software components. The 

hardware components, a mobile platform are attached to all other 

components such as sensors, actuators and power sources 

Sensors

 The sensors operable to acquire data from the environment. 

 They typically installed on a mobile robot (see Figure 1) which 

shows, sonar's ultrasonic sensor, laser proximity sensor, encoder 

wheel (odometer), optical camera and microphone. 

 The types collected of information and their accuracy vary greatly 

from one sensor to another.
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Components of Mobile Robot (Cont…)

Figure (1) Typical sensor of a robot 
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Components of Mobile Robot (Cont…)

Actuators

 To move within a specific environment and interact with it, a robot 

should be equipped with actuators.

 For example, a robot is provided with one or more motors the 

wheels can be rotated to effect movement. 

 Generally, the wheels of the robot are controlled by two actuators 

to control a forward speed and a rate of rotation. 

 Usually, these commands are expressed in meters per second (m / 

s) and rotation in degrees per second (deg. / s)
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Components of Mobile Robot (Cont…)

Software Models

 In order for a mobile robot to operate, several software

components are involved.

 These components can be used to interpret the data collected

by the sensors to extract information or to treat high-level

commands in order to generate other lower level commands.

 The most frequently used components are positioning modules,

navigation, and vision, audio and sequential activities of the

robot.
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Components of Mobile Robot (Cont…)

Location

 One of the most important functions for a robot is the ability to

locate its position in its environment.

 Using data provided by the sensors, the module consider the

current location of the robot position.

 Typically, this position is expressed by a tuple (X, Y) representing

a position and an orientation of a two dimensions plane.

 The location can be calculated using technology based on the

Markov theory for decision processes
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Components of Mobile Robot (Cont…)

Vision

 By analyzing the images captured by the cameras, a large

amount of information are extracted. For example, by using a

segmentation algorithm , one can recognize color objects in

addition to estimate their relative position (angle) relative to

the view of the camera.

 Using three-dimensional vision techniques , it is also possible to

estimate certain distances in the environment. It can also

recognize symbols, characters and read messages , such as

direction signals posters in a corridor or conference badges.
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Components of Mobile Robot (Cont…)

Navigation

 A navigation module is responsible for moving a robot from its

current position to a desired destination safely and efficiently.

 In addition to including perception features of the environment

and location, the navigation module is also responsible to find a

path connecting the positions of origin and destination, form a

list of intermediate points to, and to guide the robot through the

developed path.
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Control Loop

 A mobile robot is controlled by a control loop, as shows in (Figure 2).

 Iteratively, this loop is read data received by the sensors; interpreter

calculates the motor commands and sends them to the actuators.

 Typically, this loop is executed about ten times per second; the

frequency can vary depending on the types of sensors and

actuators used.

 The control loop is not unique, depending on the architecture used;

it can be decomposed into several sub-loops control arranged in

different ways.
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Control Loop (Cont…)134



Using Artificial Neural Networks

 ANN model is able to be used as an arbitrary function

approximation mechanism that 'learns' from observed data.

 The model depending on the data representation and the

application.

Robustness

 The ANN result can be robust depending on whether the

model, cost function and learning algorithm are selected

appropriately, or not.
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Learning the Algorithm

 One of the main attractions of the ANN for the learning

capabilities that possess some models.

 The automatic modification of the connection weights or more

rarely in the number and organization of neurons is defined

generally by learning to adapt to end processing performed by

the network to a particular task.
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Number of Nodes and Layers

 Choosing number of nodes for each layer will depend on

problem ANN is trying to solve.

 types of data network is dealing with, quality of data and

some other parameters.

 Number of input and output nodes depends on training
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Setting Weights

 The way to control ANN is by setting and adjusting weights between

nodes.

 Initial weights are usually set at some random numbers and then they

are adjusted during NN training.

 If results of ANN after weights updates are better than previous set of

weights, the new values of weights are kept and iteration goes on.

 Finding combination of weights that will help us minimize error should

be main aim when setting weights.
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Back propagation training algorithm (BP)

Step 1: Initialize weight & offsets

Step 2: present input and desired outputs

Step 3: calculate actual outputs

Step 4: adapt weights
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A top – down integrated perspective on 

neural processing

Application

Problem formulation

Algorithm Analysis

Neural model

Architecture of ANN

Implementation of ANN
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Flow Chart the Proses Training141



Introduction of Fuzzy Logic

 Fuzzy logic is an approach to computing based on "degrees of truth"

rather than the usual "true or false" (1 or 0) Boolean logic on which the

modern computer is based.

 Fuzzy logic provides an alternative way to represent linguistic and

subjective attributes of the real world in computing.

 It is able to be applied to control systems and other applications in

order to improve the efficiency and simplicity of the design process.

 The idea of fuzzy logic was first advanced by Dr. Lotfi Zadeh of the

University of California at Berkeley in the 1960s. Dr. Zadeh was working

on the problem of computer understanding of natural language.
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Introduction of Fuzzy Logic (Cont…)

 Fuzzy logic is Sometimes called multi-value logic . This type of logic is

characterized by having several values to describe the variable or

situation.

 Boolean Logic: Deals with the problem (case) in two cases either true

or false.

 Fuzzy Logic: described The variable or case into several values.
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Fuzzy Logic

Definition of fuzzy

 Fuzzy – “not clear, distinct, or precise; blurred”

Definition of fuzzy logic

 A form of knowledge representation suitable for notions

that cannot be defined precisely, but which depend

upon their contexts.
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Crisp input

Fuzzyfication

Fuzzy input

Fuzzy propositions

(Rule evaluation)

Fuzzy output

Defuzzyfication

Crisp output

Step 1

Step 3

Step 2

Step of Fuzzy Control (Fuzzy Algorithm) 
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A. Start

B. Inputs to fuzzy logic systems -
fuzzification

C. Fuzzy propositions

D. Fuzzy hedges

E. Computing the results of a fuzzy 
proposition given an

input

F. The resulting action



Step of Fuzzy Control (Fuzzy Algorithm) (Cont…)

 Steps (based on previous slide):

 1. Input – vocabulary, fuzzification (creating fuzzy sets)

 2. Fuzzy propositions – IF X is Y THEN Z (or Z is A) … there

are four types of propositions

 3. Hedges – very, extremely, somewhat, more, less

 4. Combination and evaluation – computation of the

results given the inputs

 5. Action - defuzzification
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Traditional Representation of Logic

Slow Fast

Speed = 0 Speed = 1

bool speed; 

get the speed 

if ( speed == 0) {

//  speed is slow

} 

else {

//  speed is fast

}
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Fuzzy Logic Representation

 For every problem 

must represent in 

terms of fuzzy sets.

 What are fuzzy 

sets?

Slowest

Fastest

Slow

Fast

[ 0.0 – 0.25 ]

[ 0.25 – 0.50 ]

[ 0.50 – 0.75 ]

[ 0.75 – 1.00 ]
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Fuzzy Logic Representation (Cont…)

Slowest Fastest
float speed; 

get the speed 

if ((speed >= 0.0)&&(speed < 0.25)) {

//  speed is slowest

} 

else if ((speed >= 0.25)&&(speed < 0.5)) 

{

//  speed is slow

}

else if ((speed >= 0.5)&&(speed < 0.75)) 

{

//  speed is fast

}

else // speed >= 0.75 && speed < 1.0 

{

//  speed is fastest

}

Slow Fast
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Origins of Fuzzy Logic

 Lotfi Asker Zadeh ( 1960 )

 First to publish ideas of fuzzy logic.

 Professor Toshire Terano ( 1972 )

 Organized the world's first working group on fuzzy systems.

 F.L. Smidth & Co. ( 1980 )

 First to market fuzzy expert systems.
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Fuzzy Logic  VS. Neural Networks

 How does a Neural Network work?

 Both model the human brain.

 Fuzzy Logic

 Neural Networks

 Both used to create behavioral

systems.
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Fuzzy Logic in Control System

 Fuzzy Logic provides a more efficient and resourceful way to solve

Control Systems.

 Some Examples

 Temperature Controller

 Anti – Lock Break System ( ABS )
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Benefits of using Fuzzy Logic 153



Fuzzy Logic in Other Fields 

 Business

 Hybrid Modeling

 Expert Systems
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Fuzzy Sets

 The concept of the fuzzy set is only an extension of the concept of a classical or

crisp set .

 The fuzzy set is actually a fundamentally broader set compared with the classical.

 The classical set only considers a limited number of degrees of membership such

as 0 or 1 or a range of data with limited degrees of membership.

 For instance, if a temperature is defined as a crisp high, its range must be

between 80 F and higher and it has nothing to do with 70 F or even 60 F. But the

fuzzy set will take care of a much broader range for this high temperature.

 In other words, the fuzzy set will consider a much larger temperature range such

as from 0 F to higher degrees as a high temperature.
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Classical Sets and Operations

A classical set is a collection of objects in a given range with a sharp boundary. An

object can either belong to the set or not belong to the set. For example, we

assume to create a faculty set or a faculty collection F with ten-faculty members x1,

x2…… x10, in a college:

F = { x1, x2, x3, x4, x5, x6, x7, x8, x9, x10 } 

In general, the entire object of discussion F is called a universe of discourse, and

each member xi is called an element. Assuming that elements x1 ~ x4 belong to the

department of computer’s and control, which can be considered as another set A.

The elements x1 ~ x3 are under age 40, which can be considered as a set B.

Therefore the following relations exist:

X∈F 

A = {x1, x2, x3, x4} ∈ F

B = {x1, x2, x3}⊂A
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Classical Sets and Operations (Cont…)

 It can be seen that all elements in set B belong to set A, or the set A contains set

B. In this case, set B can be considered as a subset of set A.

 The relationship among different sets we discussed above can be described in

Figure 2.1. The basic classical set operations include complement, intersection

and union, which are represented as

Complement of A (AC ) AC (x) = 1 – A

Intersection of A and B (A ∩ B)        A ∩ B = A(x)∩B(x) 

Union of A and B (A∪B)                    A ∪ B = A(x) ∪ B(x)
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fuzzy sets operations

In the fuzzy sets there are four important operations :

 Complement.

 Containment.

 Intersection.

 Union: It refers to the elements in both groups. So there were two groups,

the first of which belonged to men who were short and the other were

obese, In the union are the short and fat men, in the sense of process (or). In

other words, the fuzzy union indicates the degree of belonging in both

groups In order to achieve the greater belonging to them.
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Fuzzy Rules.

 Fuzzy control rule can be considered as the knowledge of an expert

in any related field of application.

 The fuzzy rule is represented by a sequence of the form IFTHEN,

which includes both input and feedback if a closed-loop control

system is applied.

 The law to design or build a set of fuzzy rules is based on a human

being’s knowledge or experience, which is dependent on each

different actual application.
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Fuzzy Rules (Cont…)

Two types of fuzzy control rules are widely utilized for most real applications.

 One is fuzzy mapping rules and the other is called fuzzy implication rules:

1. Fuzzy Mapping Rules:

 Fuzzy mapping rules provide a functional mapping between the input and the

output using linguistic variables. Fuzzy mapping rules work in a similar way to

human intuition or insight.

 Still using our air conditioner system as an example, a fuzzy mapping rule can be

derived as

IF the temperature is LOW, THEN the heater motor should be rotated FAST.

For other input temperatures, different rules should be developed
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Fuzzy Rules (Cont…)

 The problem

 Change the speed of a heater fan, based off the room temperature

and humidity.

 A temperature control system has four settings

 Cold, Cool, Warm, and Hot

 Humidity can be defined by:

 Low, Medium, and High

 Using this we can define

 the fuzzy set.
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Fuzzy Rules (Cont…)

2. Fuzzy Implication Rules:

 A fuzzy implication rule describes a generalized logic implication
relationship between inputs and outputs.

 The foundation of a fuzzy implication rule is the narrow sense of fuzzy logic.

 Fuzzy implication rules are related to classical two-valued logic and
multiple valued logic.

 Still using the air conditioner system as an example, the implication is

IF the temperature is LOW, THEN the heater motor should be FAST.

 Based on this implication and a fact: the temperature is HIGH. The result
that the heater motor should slow down or the SLOW can be inferred.
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Genetic Algorithms
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Introduction

 Develop Genetic Algorithms (John Holland) in 1975 Through his

studies and research at the University of Michigan in the USA, In his

book ((Adaptation in Natural and Artificial System)).

 This world introduced the idea of genetic algorithms as a biological

development model, and gave the theoretical framework to adapt

it under the name of genetic algorithms.
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What is GA

 A genetic algorithm (or GA) is a search technique used in computing to

find true or approximate solutions to optimization and search problems.

 Genetic algorithms are categorized as global search heuristics.

 Genetic algorithms are a particular class of evolutionary algorithms that

use techniques inspired by evolutionary biology such as inheritance,

mutation, selection, and crossover (also called recombination).
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What is GA (Cont…)

 Genetic algorithms are implemented as a computer simulation in

which a population of abstract representations (called

chromosomes or the genotype or the genome) of candidate

solutions (called individuals, creatures, or phenotypes) to an

optimization problem evolves toward better solutions.

 Traditionally, solutions are represented in binary as strings of 0s and

1s.
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What is GA (Cont…)

 The evolution usually starts from a population of randomly

generated individuals and happens in generations.

 In each generation, the fitness of every individual in the population

is evaluated, multiple individuals are selected from the current

population (based on their fitness), and modified (recombined and

possibly mutated) to form a new population.
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What is GA (cont …)

 The new population is then used in the next iteration of the algorithm.

 Commonly, the algorithm terminates when either a maximum number of

generations has been produced, or a satisfactory fitness level has been

reached for the population.

 If the algorithm has terminated due to a maximum number of

generations, a satisfactory solution may or may not have been reached.
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Key terms 

 Individual - Any possible solution

 Population - Group of all individuals

 Search Space - All possible solutions to the problem

 Chromosome - Blueprint for an individual

 Trait - Possible aspect (features) of an individual

 Allele - Possible settings of trait (black, blond, etc.)

 Locus - The position of a gene on the chromosome

 Genome - Collection of all chromosomes for an individual
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The names in the biological system and 

their corresponding in genetic algorithms

genetic algorithms - artificialbiological system - Natural 

Strings of data and symbolsChromosomes

A string of data or symbols (or a 

single symbol)

The gene

The location of the string or symbolSite (gene site)

Representation or structure used 

for gene properties
Genotype

The coding used in representation 

or structure

Phenotype
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Chromosome, Genes and Genomes
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Genotype and Phenotype

 Genotype:

Particular set of genes in a genome

 Phenotype:

Physical characteristic of the genotype (smart, beautiful, healthy, etc.)
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Genotype and Phenotype173



Steps of Genetic Algorithms
174 Determine Transactions

Generation of primary Population

Calculate the values of the Fitness Function

Is Stop Conditions

Choose a pair of community elements

Crossover Procedure

Mutation Procedure 

Adopting a new community to 

generate the next generation

Calculate the values of the Fitness Function

View results

The End



Transactions of GA

1. Population Size.

2. Chromosome Length.

3. Max Generation.

4. Crossover Probability Pc

5. Mutation Probability Pm

6. Stop Conditions.

7. Fitness Function.
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GA Requirements

A typical genetic algorithm requires two things to be defined:

 a genetic representation of the solution domain, and

 a fitness function to evaluate the solution domain.

 A standard representation of the solution is as an array of bits.
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Chromosomes could be:

Bit strings (0101 ... 1100)

Real numbers (43.2 -33.1 ... 0.0 89.2)

Permutations of element (E11 E3 E7 ... E1 E15)

Lists of rules (R1 R2 R3 ... R22 R23)

Program elements (genetic programming)

... any data structure ...



GA Requirements
 The fitness function is defined over the genetic representation and measures the quality of the

represented solution.

 The fitness function is always problem dependent.

 For instance, in the knapsack problem we want to maximize the total value of objects that we

can put in a knapsack of some fixed capacity.

 A representation of a solution might be an array of bits, where each bit represents a different

object, and the value of the bit (0 or 1) represents whether or not the object is in the knapsack.

 Not every such representation is valid, as the size of objects may exceed the capacity of the

knapsack.

 The fitness of the solution is the sum of values of all objects in the knapsack if the representation

is valid, or 0 otherwise. In some problems, it is hard or even impossible to define the fitness

expression; in these cases, interactive genetic algorithms are used.
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Fitness Function

 Is a mathematical function that expresses the proximity of the current

solution to the desired solution.

 The more successful the choice of fitness function, the more successful the

solution (faster), but sometimes the difficulty of obtaining a fitness function

to solve a particular problem using genetic algorithms is a problem in itself.

 There are researchers who assume and test mathematical functions in

terms of speed of implementation and accuracy of solutions and many

functions are agreed upon after their experiment.

f(x)= x2+2x+1

F(x)= x2+1

Models from fitness function that uses in genetic algorithm
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Fitness Function (Cont…)

Models to calculate fitness function to some problem through value 

problem .
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Fitness FunctionProblem Name

Number of contiguous cities of the

same color

Color Mapping-4

Total path cost from start to end pointShortest Path

The number of intersections in the chartGraph Planarization

The remaining space between the

current state and the target state

Best Path Robot



Representation of the Problem in 

Genetic Algorithms

1. Binary  1101101001

- Boolean Satisfiability Problem.

- Generation  Pseudo Random Number

2. Integer 1- 15 -11 7 5 4.

- Math Satisfiability Problem.

- Sudoku Puzzle

3. Real 1.3 -4.0 -23.1

- Math Satisfiability Problem.

- Optimization Problem.

- Adaptive Control Equations.

4. Characters  A V C W B D N.

- Generation  Problem Words

- Crossword Puzzle.

- Spelling Checker System.
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Selection Methods 

1. Roulette Wheel.

2. Elitism.

3. Tournament.

4. Rank.

5. Sigma Scaling.

6. Boltezman.
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Crossover Methods

1. Single Point Crossover

2. Multi Point Crossover

3. Bacteria Conjugation

4. Uniform Crossover.

5. Crowding.

6. Fitness Sharing Function.

7. Inversion.

8. Flat.

9. Segregation.

10. Migration or Partial Complement.

11. Translocation.
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The End
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